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Dear Editor:

| am pleased to submit an original research article entitled Bayesian Dynamic Models for Count
Data with Overdispersion and Inflation of Zeros for consideration by Computational Statistics &
Data Analysis. This is an original work that is not in consideration for publication elsewhere.

In this paper we present several new methods for modeling count data time series when the
use of a Poisson distribution based model is not appropriate. The new methods introduced in
our manuscript include a general framework for uniparametric dynamic Bayesian models
whose particular cases are the Bell, Poisson-Lindley, Borel and Yule-Symon distributions and a
Dynamic Bayesian Negative Binomial Model (DBNBM). The inference of these models is based
on the sequential procedure outlined by West, Harrison and Migon (1985) and includes
numerical approximations when no closed-form solution is available for the updating steps. In
the case of the DBNBM, we also propose a Bayesian estimator for the static shape parameter
using Adaptative Rejection Metropolis Sampling. As far as we are aware, no work in the
literature follows a similar approach. We also present a simulation study to evaluate the
properties of this estimator along with two real life data applications that highlight situations
in which our methods outperform the conventional Poisson DGLM.

Based on our results, we firmly believe that the framework developed in this manuscript is a
viable alternative for modeling time series of counts in the presence of overdispersion or/and
inflation of zeros. We also believe that this paper fits the scope of Computational Statistics &
Data Analysis because of the applicability of the methods presented and the focus on time
series analysis .

The authors have no conflicts of interest to disclose.

| kindly ask that all correspondence concerning this submission should be addressed to me
Thank you for your consideration!

Sincerely,

Victor Schmidt Comitti
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Bayesian Dynamic Models for Count Data with Overdispersion and
Inflation of Zeros

Victor Schmidt Comitti!, Thiago Rezende dos Santos, Fabio Nogueira Demarqui

Universidade Federal de Minas Gerais
Institudo Federal Sudeste de Minas Gerais - Campus Bom Sucesso

Abstract

Most of the proposed dynamic parameter-driven models for count time series are based on
the assumption of a Poisson distribution for the observations ignoring, sometimes, problems
related to overdispersion and zero inflation in the data. The objective of this paper is to
introduce novel dynamic Bayesian models for count time series to overcome this problem.
A family of dynamic Bayesian uniparametric models for count data is introduced whose
particular cases are the Bell, Poisson-Lindley, Yule-Simon and Borel models. Furthermore,
a biparametric Dynamic Bayesian Negative Binomial model with unknown shape parameter
is provided. The inferential procedure preserves the sequential analysis of the models and
is similar to the Dynamic Generalized Linear Models (DGLM) with with the novelty of
incorporating Monte Carlo integration to the recursive algorithm in order to deal with the
intractability of the updating distributions and an ARMS step to sample from the posterior
distribution of the shape parameter. The simulation results show a good performance of
the estimator considered for the static parameter of the biparametric Negative binomial
model which can be reasonably estimated. The application results also highlights a better
performance of the proposed uni/biparametric models over the Poisson model.

Keywords: zero inflated /overdispersed distribution, Negative binomial distribution,
Parameter driven model, Dynamic generalized linear model, Bayesian inference

1. Introduction

Time series of counts arise frequently in fields such as Finance, Economics, Hydrology,
Epidemiology among others. Modeling of this kind of data, typically, can be done within one
of two frameworks: the class of Observation Driven (OD) models and the class of Parameter
Driven (PD) models. Let Y; represent an observation from a time series in time . An OD
model can be written as:

Email addresses: victorsch2@gmail.com (Victor Schmidt Comitti), thiagords@est.ufmg.br
(Thiago Rezende dos Santos), fndemarqui@gmail.com (Fabio Nogueira Demarqui)
LCorresponding author

Preprint submitted to Computational Statistics € Data Analysis August 21, 2019



}/;f = f(Dt—la Et)v

where D;_; denotes the history of the process up to the ¢ — 1 observation and ¢; is a white
noise. For OD models the parameters are dynamic but their evolution is deterministic and
invariant over time given past information. Many models within the OD class rely on the
Generalized Linear Models (GLM) theory of Nelder and Wedderburn (1972) [1] to extend
the Box & Jenkins methods [2] to count data (Davis, Dunsmuir and Streett (2003 [3])).
Others are based on the binomial thinning operator such as the integer-valued autoregressive
(INAR) process introduced independently by McKenzie (1985) [4] and Al-Osh and Alzaid
(1987) [5]. Some of them deal with the problem of conditional heterocedasticity (Ferland et
al, 2006) [6] and inflation of zeros (Barreto-Souza, 2015) [7].
PD models have the following structure:

Y, = f(et, Vt)

0, = g(et—la 77t)>

again, 1, and 17, are white noise processes and 6 represents a state vector that evolves
as a Markovian process. In a PD model the parameter evolution has an idiosyncratic error
component that makes them non predictable even with the full information of the underlying
process. PD models for counts belong to the wider class of state space models (SSM) (Durbin
and Koopman, 2012) [8] under the classical and Bayesian perspectives. The autocorrelation
and overdispersion of the observations are generally introduced into the modeling through
a hidden process. Zeger (1988) [9] proposes a log linear classical model for counts in
which a multiplicative stationary latent process €, captures the heterogeneity of the process.
Conditionally on ¢; the sequence of observations Y; has the same mean and variance but,
marginally, it is overdispersed. The idea of using a latent process to introduce overdispersion
and autocorrelation into a model has been further developed in several works like Brannas
and Johansson (1994) [10], Campbell (1994) [11], Chan and Ledolter (1995) [12] and Davis,
Dunsmuir and Wang (2000) [13].

Harvey and Fernandes (1989) [14] introduce a PD model that assumes the counts to
be drawn from a Poisson distribution whose mean p; has a prior distribution Gamma.
Gamerman, Santos and Franco (2013) [15] propose yet another family of Non-Gaussian
State Space Models (NGSSM) with exact marginal likelihood in which the dynamic Poisson
model of Harvey & Fernandes is a particular case. Aktekin, Soyer and Xu (2013) [16] present
a Bayesian Poisson dynamic model to assess mortgage default risk in the NGSSM family.
After that, Aktekin, Polson, and Soyer (2018) [17] provide a Bayesian Poisson dynamic
model for modeling multivariate count data and its sequential procedure. A good review
about these models may be found in Soyer (2018) [18].

West, Harrison and Migon(1985) [19] use an approximated Bayesian approach to propose
a much more general class of non-Gaussian and non-linear models. This wider class, named
as Dynamic Generalized Linear Models (DGLM), extends the GLM formalism to time series
in a Bayesian framework. The inference of these models often require the use of linear
approximations since the analytical tractability of the updating steps can be easily lost.
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For a more complete overview of these methods the reader may refer to West and Harrison
(1997) [20] (chapter 13). Recent developments on the subject can be found in the works
of da Silva, Migon and Correia (2011) [21], da Silva and da Silva (2017) [22] and Souza,
Migon and Pereira (2018) [23].

In general, most of the proposed PD models for time series of counts assume a Poisson
distribution for the observations. This is a limiting choice since the Poisson distribution
is only adequate for modeling processes in which the mean and the variance are equal — a
requirement that will not be met for many real life data sets. In the presence of overdispersion
and/or inflation of zeros, alternative distributions such as the Bell or Poisson mixtures can
be viable options since they are not bound to the equidispersion assumption.

The main goal of this paper is to introduce new models for discrete response time series
under a Bayesian perspective. The methods presented here are related to the DGLM family
of West, Harrison and Migon, but are not restricted to the Exponential Family (EF). In what
follows, two lines of work are presented. In the first, we introduce a new general framework
for uniparametric Bayesian dynamic count models. The proposed estimation procedure for
these models includes the evolution and updating steps of the DGLM class but, since the use
of conjugate priors is not possible most of the times, the analytic tractability of the results
is lost. For this reason we incorporate Monte Carlo integration to the recursive inference
algorithm in order to deal with the updating steps when no closed-form expressions are
available for them. Under this new framework we are particularly interested in the following
overdispersed /zero-inflated distributions: Bell, Poisson Lindley, Yule Simon and Borel —
each of them has unique features that can make them more appealing than the Poisson in
some particular situations.

In the second line of work we introduce a novel biparametric Dynamic Bayesian Negative
Binomial Model (DBNBM) for modeling overdispersed time series. We consider that the
main contributions of our proposal to the literature are: i) The observation equation of the
DBNBM is parametrized in terms of the mean of the process (denoted by ), in the same
way as in the Negative Binomial GLM, thus improving the interpretability of the model; ii)
a conjugate Beta Prime of the Second Kind prior distribution for pu, is used, which allows
the model to retain analytic tractability throughout the inference cycle; iii) an efficient
scheme for estimating the static shape parameter of the model using Adaptative Rejection
Metropolis Sampling (ARMS) is introduced. As far as the authors are aware, this method
was not used in a similar context before.

This paper has the following structure: in Section 2 we present a general framework
for Bayesian dynamic models for uniparametric distributions; in Section 3 we introduce the
Dynamic Bayesian Negative Binomial Model; in Section 4 a simulation study is carried out;
in Section 5 we provide applications to real count time series and a comparison between the
models presented; Section 6 is left for the final remarks.

2. A General Framework for Dynamic Bayesian Uniparametric Models

The DGLM, introduced by West, Harrison and Migon (1985) [19], is a very general
class of dynamic linear models. Its basic structure is very similar to that of the GLM class.
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Generalized Linear Models apply to conditionally independent observations that belong
to the EF. The main idea behind those models is to link the mean of the observations
py to a linear predictor of covariates using a suitable link function g(.). In the DGLM
theory the linear predictor is substituted by a space state model in order to incorporate the
autocorrelation structure of a time series.

Many uniparametric discrete data distributions are not in the EF. Even those that are,
like the Bell distribution, very often have conjugate prior distributions that are difficult to
work with. Bayesian inference for these distributions are not exact and calls for intensive
computational methods, like Monte Carlo Markov Chain (MCMC), in order to obtain a
sample from the posterior distribution of the parameters. In the context of the DGLM class
it is usually preferred, whenever possible, not to use intensive computational methods such
as the MCMC in order to preserve the sequential nature of the Bayesian inference and to
avoid lengthy computational times (see, for example, [21]). We propose here a general and
simple framework based on the DGLM class for dealing with Dynamic Bayesian models
when the observation equation is an uniparametric distribution. This setting preserves the
sequence of evolution and updating steps of the DGLM inference but does require Bayesian
conjugacy since the intractable integrals involved in the updating steps can be handled
via Monte Carlo Integration (MCI). It is also not necessary that the observation equation
belongs to the EF. Let y;, t = 1,2,--- ,T be a time series of counts, the proposed approach
has the following basic structure:

e Observation equation:
Any uniparametric count distribution with probability function p(y; | u;) where Ely, |
pe] = 1z and g1 > 0.

e Prior:

Since the parameter p; is strictly positive any distribution with support in the interval
(0,00) may be appropriate. The Gamma distribution arises as natural choice due to its
flexibility and ease in the elicitation of its moments.

e Link Function:

There are several possible link functions. For the rest of this section we will assume a
logarithmic one. The log-link is very suitable since it maps the strictly positive mean
to the real line. It also provides closed-form expressions for some of the quantities that
will be needed in the updating steps of the model. Thus, we can define:

9(pe) = log(p) = Fib, (1)

e Evolution equation:

Gt = Gth_l + wy, Wy ~~ (O,Wt) (2)
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e Initial Information:

(6 | Do) ~ (myg, Co). (3)

In equations (1) and (2), 6, represents a d x 1 state vector, G¢ is a d X d evolution
matrix and Fy is a d x 1 design vector. The link function ¢(.) is continuous, monotonic
and strictly positive. The vector w; denotes a sequence of independent and non correlated
errors partially specified in terms of its first two moments with variance W,. Equation (3)
provides the initial distribution for the hidden states and completes the specification of the
model. Similarly to w;, the distribution of @, conditional on the initial set of information
Dy is specified only by its first two moments mgy and Cy.

The inference cycle follows the steps of evolution and updating presented in DGLM,
West and Harrison (1997) [20]. Applying the evolution equation we obtain the priors for the
state vector 8, and the linear predictor \;. That is,

(Ot ‘ thl) ~ (at,Rt)>

where a; = Gim,_1, Ry = G,C;_1G, + W, and (\; | D;—1) ~ (fi,q:). Observe that, if
W, =0, then VARI[O, | D;_1] = G;C,_1G}; that is: the model conveys no loss of information
in the passage from ¢t — 1 to t. On the other hand, if W; >> G;C,;_, G/}, the stochastic error
dominates the evolution implying big loss of information in the state transition. One can
interpret the values of the matrix W, as a measure of information loss in the passage from
one state to the next. West & Harrison (1997) [20] suggest to think of W, as fraction of
G,C;_1G}. Under this assumption, we can write W; = 1T}‘S(}tct,ng, where § € (0,1] is
called the discount factor.

The hyperparameters a; and ; of the prior distribution can be elicited by matching the
moments of the linear predictor with f; and ¢; as described in the DGLM Poisson example
in West and Harrison (1997) [20]. If the prior is a Gamma distribution, we have oy = q—lt and

By = %;ft). Using the first order approximations of the digamma and trigamma functions

q;
and with some algebra it is a simple exercise to show that a; = mf}# and §; = %.

The predictive distribution p(y;|D;—1) can be obtained marginally from the joint distri-
bution p(ys, pe | Di—1) = p(Ye | e, De—1)p(pte | Di—1). That is:

(Y | Di1) = / (e | 11ty De—1)p(pae | De—1)d . (4)
0

Now, we can write p(y; | p¢, Di—1) as product of two functions: the first entirely dependent
on the observation gy, and the other dependent on y, and g, therefore:

(e | e, Dev) = Z(ye) f (e, yi)



Then, rewriting (4) we have:

P | De—1) = Z(y) /OOO I ey ye) (e | Dy—1)dpg
= Z(y)E[f (11t)] (5)

Since y; is a known quantity we are left with the problem of evaluating the expected
value of a function f(u;). In most cases, there is no closed form solution to E[f(u)]. A
simple approach to handle the problem is to draw samples from the prior p(u; | D;—1) and
approximate Expression (5) using MCI. The posterior distribution for the dynamic mean g,
can be found by direct application of the Bayes’ theorem and is given by:

p(ye | pe)p(pe | Di1)
p(yt ’ Dt71> '

Following the DGLM approach, the posterior moments of the linear predictor A\; can be
calculated from the pair: f; = E[g(u:)|Dy)], ¢f = VAR[g(p1)| Dy)]. Since g(pt) = log(pt), we
are interested in the following quantities:

plpe | Dy) =

El(g(u)"| D] = / " )"l | D)y

_ Z(w) o .
= ol | Diy) /0 9(pe)" f (pe)p(pe | De—r)dp

2w [~
~ p(y: | Diy) /0 R(pe)p(pee | De—r)dpss,

(6)

where n = 1,2, and h(u:) = [g(pe)]™ f(ue). As before, it is possible to approximate (6) via
MCI. As suggested by West and Harrison (1997) [20], updating of the partially specified state
vector @y can be accomplished via Linear Bayes Estimation (LBE). The posterior (8, | D;)
is also specified in terms of the first two moments m; and C; with:

1
mg = ag + q_RtFt(ft* — fi), (7)
t
_np L : %
C: =Ry RiFF¢ Ry . (8)
qt qt

The table below shows the expressions of Z(y;) and f(u;) for the particular uniparametric
distributions described on this section.



Table 1: f(-) and Z(-) functions of the one-step-ahead predicted distribution for the observations according
to each distribution.

Distribution Z(ye) | fue)
Bell % ea:p(l _ eWO(Ht))WO(Iut Yt
Borel shifted —L (ye +1) Py + 1) "
' ' et | “°P m+1 Yt T Yt
+6pp+1—pp+1 /B2 61— pp+1
( R ) (( T )+yz+2>
Poisson-Lindley 1 p:;
\/Mt+6lit+1*ﬂt+1
T +1
Yule-Simon shifted 1 “L—le <yt +1, %)

2.1. Particular uniparametric cases

2.1.1. Bell distribution
Castellares et al. (2018) [24] introduce the Bell distribution and an associated regression
model. The Bell probability function for § > 0 is given by

By,
p(yt | Ot) = yy| 01?5] eXp(_ exp(Qt) + 1)7 Yt = 07 17 27 Ty, (9)
t-
where By, are the Bell number defined as B, = £ 37, %, Notice that equation (9) belongs

to the EF with n, = log(6;), 7 = 1, c(y) = % and a(n;) = exp(exp(n;)) = exp(6;). Using
properties of the Exponential Family it is easy to prove that:

E[K ’ Ht] = 9t69t,
VAR[Y; | 6,] = (14 6,)6,¢".

Since 6; is strictly positive, then VAR[Y; | 6;] > E[Y; | 6;], that is, Bell is an uniparametric
naturally overdispersed distribution. The conjugate prior of the Bell can be found according
to the properties of the EF but the normalizing constant of the resulting distribution does
not have a closed-form making it hard to work with.

On the context of regression models, usually the interest lies on the mean p; of the
process. So, letting y; = 6,e% it is possible to rewrite (9) as :

B
Py | ) = y—yfexp(l — Mol Y ()™, g =0,1,2,--- T
t-

where Wy (.) represents the Lambert function. In this new parametrization we have that
Elye | ] = pe and VAR [y, | ] = pe(1 4+ Wo(pe)).



2.1.2. Borel Shifted distribution
The Borel uniparametric distribution for a discrete random variable X; was proposed by
Borel(1942) [25] in the context of branching process and queuing theory. A Borel random

variable is distributed according to p(z; | ;) = eXp(f)‘”’;)t(!’\m)zrl, for x;, = 1,2,3,---, T. As
we are interested in stochastic processes that can take zero values, we assume that Y; = X;—1
and A\, = a f#t). It is easy to prove that the distribution for Y; is a Borel shifted and its
probability density function can be expressed as:

Yt
exp (5 + ) (5 + 1))

= =0,1,2,3,....T. 10
p(yt | :ut) (yt + 1)' ) Y g Ly Ly Dy 9 ( )
where 1; > 0 represents the mean and (H“W the variance of Y;. Since % = (1+u)? >

1 the Borel distribution is also overdispersed. Equation (10) is similar to the Modified Borel
Tanner distribution proposed by Gémez-Déniz et al. (2017) [26].

It is also possible to show that the Borel distribution is zero inflated, that is: the propor-
tion of zeros drawn from a Borel is larger than the same proportion drawn from a Poisson
distribution. To demonstrate that, one can use the zero-inflated index (ZII) (z; = 1+ loz@,
where py is the probability of getting a zero value) proposed by Puig and Valero (2006) [27].

Direct application of the Index formula to the Borel distributions yields

L+
Any z; > 0 indicates a distribution that produces more zeros than the Poisson. The Borel
distribution has a ZII at least greater than two which is a distinctive feature among count
data distributions and makes it a candidate for modelling datasets with high frequency of
ZETO0S.

2.1.3. Poisson-Lindley distribution

Another way to introduce overdispersion into a model is by using mixture Poisson dis-
tributions as the observation equation. These distributions arise when we allow the rate
parameter p; of the Poisson to be a random variable following a distribution G(p; | 0). If
G(pe | 0) is a Lindley distribution, the resulting mixture is the Poisson-Lindley (PLD) first
presented by Sankaran (1970) [28]. Its probability function, for 6, > 0, is given by:

07 (0 + v + 2)

0,) = =0,1.2...:0 11
p(yt | t) (0t+ 1)yt+3 y Ut 07 ) 4y ) t> 07 ( )
with mean and variance, respectively,
0, + 2
ElY; | 0] = ———— = 4, 12
[ t’ t] et(9t+1> Mt ( )
03 + 46? 0, +2
VAR[K’et]: t+ t+6t+

00, + 1)
8



To verify that (11) is overdispersed notice that:

VAR[Y, | 6,] 6} + 467 4 66, + 2
E[Y; | 04 0.(6; + 2)

(13)

It is easy to see that, since 6, is positive, the numerator in (13) is always greater than
the denominator, thus making the Poisson Lindley distribution overdispersed. In fact, it
is a simple calculus exercise to show that the equation (13) has a global minimum of,
approximately, 4.33.

To parametrize the PLD in terms of the mean p; we solve (12) for 6, to obtain 6, =

2
g6 +1—pe+1
meor T Then:

2ut
\ 264+ 1—p+1 2 \ B2 +6p 41— +1
2t 2pt Ty t2
P(Yelpe) = e =0,1,2,-5 iy > 0,(14)

24t

ye+3
( (\/u§+6ut+1—m+1> N 1)

with E[Y}|ue] = pe.

2.1.4. Yule-Simon shifted

Yule-Simon distribution (YSD) belongs to the broader class of Power Law distributions
(see [29]). It is also, like the Poisson-Lindley, a mixture distribution. Suppose v is a random
variable following an exponential distribution of rate p;, then a random variable U; following
a Geometric(e”) is Yule-Simon distributed with probability function:

p<Ut | pt) - ptB(Utapt + 1)7 Xt = 1a2737 e aT7 Pt > 07 (15)

where B(.) represents the Beta function. Now, defining Y; = U; — 1 we can shift (15) to
obtain a modified YSD with support in the positive integers including zero, that is:

p(Ye | pr) = peB(ye + 1, pr + 1), Xy =0,1,2,3,---,p > 0. (16)
The first two central moments of (16) are given by:

1
pr— 1

E[Y: [ o] = pe>1

2
Pt
VARJY, = , > 2.
Y= ey
The ration between variance and mean can be easily calculated as:
VAR[Y, 2
Yilpd _ pi a2
EYi[p] (o= 1o —2)
9




Note that, for p; > 2, the above expression is always positive and decreases monotonically.
Using L’Hopital theorem it is easy to demonstrate that lim,, % = 1. Therefore, the
Yule-Simon Shifted distribution is overdispersed. Direct application of the ZII also shows

inflation of zeros. Reparametrizing (16) in terms of p; = pt%l gives us:

+1 20, + 1
Py | ) =1 p (ym, f )
Kt Kt

where, naturally, E[Y;|u] = p-

3. A Biparametric Dynamic Bayesian Negative Binomial Model

In this section we present an approach for a Dynamic Bayesian Negative Binomial Model
(DBNBM). The observation equation of this model is parametrized as in the Negative Bi-
nomial regression model from GLM and a prior conjugate distribution is assigned for the
mean p; of the process. Let vy, t = 1,2,--- ,T be a time series of counts, the DBNBM is
fully defined by the following equations:

e Observation equation:

Ploet ™) ()
F(yt + 1)F(’i_1) (1 + /{Mt)yt+n—1 :

p(ye | pes k) = (17)

The Negative Binomial distribution has two parameters: the dynamic mean p; and a
static parameter k > 0 associated with the variance of the process. If the parameter « is

known, Equation (17) belongs to the Exponential family with ¢, = 1, n, = log <1 +';m>’

T t+l£_1
c(ye, Or) = m We can prove that E[y;|u:] = pe and VAR = py + k. Observe

that the geometric distribution is a particular case of the Negative Binomial when s = 1;
e Prior for py:
ot a;—1

K H
) 18
a, Be) (14 kg )5 (18)

P(Mt‘/ﬁ Oy, ﬁtDt—l) = B(

Equation (18) is a particular case of the Generalized Beta of the second kind (GB2K)
distribution. The GB2K was chosen over, for example, a Gamma distribution, because it
is the conjugate prior of the Negative Binomial distribution parametrized as in (17);

e Link Function:

g(pe) = log(pe) = Fy'0;; (19)

10



e Prior for k:

ST’
(r)
where r, s > 0. The Gamma distribution is very flexible and this is the main reason why
it was chosen as a prior for .

p(k | Dy_1) = K rexp(—sk),V t (20)

e Equations (2) and (3) complete the specification of the model.

3.1. Inference

The inference cycle for the DBNBM follows the same scheme of evolution and updating
shown in the previous section for the uniparametric models. The prior distributions for the
state vector 8, and the linear predictor A\; can be derived by direct application of the system
equation as already described. To evaluate the hyperparameters a; and ; in terms of f;
and ¢; observe that:

fo = Ellog(pt) | &, as, BiDe 1] = (ar) — ¥ (B:) — log(k), (21)

qt = VAR[log(,ut) ’ ay, B, K, thl] = W(Oét) + W(ﬁt)- (22)

The proof of the expressions above is presented in the Appendix A. Again, using first
order approximations for the Digamma and Trigamma functions we can solve (21) and (22)

for oy and f; to obtain:
_ L+ rexp(fi)

oGy~ —,
qt

cap(—f) +

ERN e A iy
gtk

The predictive can be obtained marginally, as before, from the joint distribution p(y;, i, % |
Di1) = p(ye | p, 5y De—1)p(pe | K, Di—1)p(k | Dy—1) following the steps below:

p(yt | thl) = / / P(yt | Mty Koy thl)p(,ut ’ R, thl)p(/'i ‘ thl)dﬂtd/f
o Jo

_ > 1 r (yt + k‘_l) B S -
= /0 B(ay, B) T'(y + 1){*(1%,1)3(047: + Y, B+ K 1)F(r) K eap(—sk)drk

(23)

Now, observe that, even though (23) is correct, it may not be a convenient expression from
a computational point of view. This is because in most software there is a superior limit
for the Gamma function. In R, for instance, this limit is 171 so that any observation with
value equal or larger than this threshold would cause a numerical error in the estimation

11



algorithm. To overcome this problem we chose to work with the Beta function instead of
the Gamma. So, we rewrite the gamma function from (23) in terms of the Beta function

defined as: B(a,b) = Fr(?iigg) for a,b € R™ and use the recurrence relation B(y;, s~ ') =

B(y: + 1, /i_l)y”;}—’:ﬂ. So, plugging this expressions into (23) we obtain

p(y | D ):/OO 1 1 Blaw+ vy, B+ k1) s
! - 0 B(Oétaﬂt) Y + K1 B(yt+1a"‘fl) F(T)

Integral (3.1) does not have an analytic solution. Da Silva and Migon (2011) [21] use
numerical integration to handle a similar problem when working on a Dynamic Bayesian
Beta Model. We found, however, that this approach is very prone to numerical errors when
we are dealing with count data. Since it is very easy to sample from a Gamma distribution
with parameters r and s, we chose, instead, to approximate equation (3.1) using MCI, like
in section 2. MCI, in this situation, can work as an efficient tool at a lower computational
cost in relation to MCMC methods.

The one-step ahead forest y; = E[y; | D;_1, k] can be obtained by direct application of
the law of total expectations according to the following sequence of steps:

K exp(—sk)dk

Ely: | Di-1] = E[E[Ely, | pe, ] | Do
— E[E[u | #] | Di_i]

(k)

K(Bi(k) — 1)

Since the hyperparameters a; and §; are both functions of k, there is no exact solution
to Equation (24), although we can approximate the expression by means of the usual Monte
Carlo methods.

Given a new observation y;, we can update the dynamic parameter p, using the Bayes’
Theorem.

—E | D |- (24)

PWe | e, k5, Dy1)p(pe | K, Dy—1)p(k | Dy—y)
p(yt | Dt—l)

p(MtaH | Dt) -

Then, integrating x out

_ fooop(yt | p1e: K, De—1)p(pe | K, De1)p(k | Dey)dr

D
p(lut| t) p(yt | thl)
1 /oo (yt + /ﬁ}_l)_l Rat+ytu?t+yt*1 Srﬁr_lel'p<—8f€>d
= — K
Py | De-1)Blow, ) Jo  Blye +1,671) (14 kg )oets Foethe I'(r)
(25)

Based on Equation (25) the n-th moment of the linear predictor can be found from:

Bllog(yi | D)l = | og” u)pis | D
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Then, for n =1 and n = 2 we have, respectively:

B 1 7 1 Blay +yi, B+ £71)
Ellog(p) [ D) = p(Ye | Di-1) /0 ye+ £ By + 171 Blaw, )
< [oon +30) = 0B+ w71) —log(w)] egweap(—swyds, (20
; - 1 o 1 Blay +yi, B+ )
Ellog™(su) | Di] = p(ye | D) /o Yo + £ By + 1,571) Blay, f;)

x [ +91) = (B + 57) = log())* + ¥/ + o) + ' (B + 57)
X F?r) /fr_lexp(—sn)d/f. (27)
The proof of results (26) and (27) is displayed in Appendix B. Notice that both equations
can be decomposed into a function of x times the kernel of a Gamma distribution. Thus,
it is easy to approximate the integrals via MCI techniques. Therefore, using the results
2
above, f; = E(\ | D;) = Ellog() | D) and ¢f = VAR(X; | D;) = Ellog(w:) | De] — f;.
As usual, we can employ equations (7) and (8) to update the state vector via Linear Bayes
Estimation. Finally, the posterior distribution for the static parameter x considering the

whole information set Dy is given by:

T plye | Do) p(s | D)

p(k|Dr) =
fooo [HtT=1 (Y | thl,/<6>:| p(k | Di—1)dk

: (28)

o0 (o} s k1
where p(y; | Di-1,K) = fo (e | ey De—1)p(pte | Dy—1)dpsy = B(altﬂt)yﬁl,(l B(Bt;rﬂﬁ;:) )

Under quadratic loss the optimal predictor for k is the posterior expected value, that is:
# =E[x | Dr] = [, &p(k | Dr)dk. Direct integration is not possible, tough, because there
is no closed-form solution for the marginal posterior distribution above. In this work we
chose to sample from the posterior distribution using the Adaptative Rejection Metropolis
Sampling (ARMS) technique proposed by Gilks and Best (1995) [30]. The ARMS algorithm
is a powerful and computationally efficient method to sample from uniparametric distribu-
tions. The samples obtained can be used straightforwardly for the computation of point
estimates and credible intervals for the parameter k.

3.2. Simulation Experiment

To evaluate Bayesian estimator for x we carried out a Monte Carlo experiment. Four
scenarios were designed with true parameter values Kk = 0.3, k = 0.5, k = 0.8 and k = 1. For
each of these scenarios L = 1000 Monte Carlo replication of size n = 50, n = 100, n = 200
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and n = 300 were generated from a Negative Binomial Local Level Model (LLM) with static
variance W = (0.02.

The ARMS algorithm was implemented using the function of the same name contained
in the 'dlm’ package from R [31]. The application of the algorithm requires a bounded
convex set for the target density. This is not the case here since equation (28) has support
on R*. In these situations, the authors of the package suggest to restrict the support to a
bounded set of probability close to one. In all scenarios studied in this work the true value
of the parameter k does not exceed one, so we chose to restrict the support for the target
density in the interval [0,5]. For the Bayesian inference chains of size 2000 were generated
from which the first 1000 samples were discarded. Preliminary tests using diagnostic tools
available on the ’coda’ package [32] from R showed that a burn in of 1000 is enough to
obtain stationary chains. We also could not detect any signs of auto-correlation in the
chains, thus there was no need to use a lag. The prior distribution for x was assumed to be
a Ga(1,1). The reason for this choice is that we opted to give more weight to smaller values
of k since values much larger than one would imply a very overdispersed and non-realistic
dataset. Two Bayesian Estimators were considered: the posterior median (BE-Median) and
the posterior mean (BE-mean). We observed superior performance for the latter estimator
and for this reason only Be-mean will be reported along with a 95% credible interval (CI)
and an empirical coverage probability (CP).

The Bayesian Estimator for x was evaluated according to its relative bias (RB) and Root
of the Mean Squared Error (RMSE). A summary of the Monte Carlo study is presented on
table (2). The BE-mean column reports the sample average of the 1000 estimates obtained
for k along with the mean RB defined, in percentage, as: RB = Zle %, where &;
denotes the estimate for x obtained in the i-th Monte Carlo sample. The CI column indicates
the 95% credibility interval associated with the point estimate and also the corresponding

coverage probability (CP). In the last column the RMSE, defined as RMSE = M
is presented.

The results show that the Bayesian estimator seems to be heavily influenced by the prior
distribution chosen for the parameter. As expected, larger biases are observed for small
values of true s since the probability mass of the prior is concentrated around one. It is
noteworthy, however, that as the sample size increases, the biases get progressive smaller,
suggesting good behaviour of the Bayesian estimator for large data sets even when the
prior distribution for the static parameter is distant from the target. When we have true
k = 0.8 or kK = 1.0, the biases are smaller than 5% regardless of samples size indicating
that, if the choice of the prior distribution is close enough to the real value of the parameter,
the Bayesian Estimator is well behaved even for small samples. As expected, the variance
decreases for larger samples, as can be observed by the credible intervals. The coverage
probabilities are all very close to the fixed nominal level of 95%, further confirming the good
performance of the Bayesian estimator.
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BE Mean CI
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Table 2: Summary of the Monte Carlo study
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4. Real Data Application

In this Section, we present two applications of the models developed in this work to real
count time series. The data sets were chosen because of their idiosyncratic features: they
both display overdispersion and inflation of zeros. The objective here is to show scenarios
where the traditional Poisson DGLM may not be the most appropriate modeling choice.
To compare between different models we are going to use the following metrics: the Bayes
Factor and the Bayesian Information Criterion (BIC) to evaluate in sample performance
and the one-step-ahead prediction accuracy to evaluate out of sample performance. In both
applications, the MCI steps were carried out with samples of size 5000. Specifically for the
DBNBM, the estimation of the static shape parameter was performed via ARMS as already
shown in the previous section. A Gamma(1,1) prior was chosen for x and single chains of
sizes 5000 with a burn-in of 1.000 were generated from the posterior distribution (28). Point
and interval estimates were calculated straightforwardly from these chains.

4.1. Skin Lesions Data

The skin lesions time series consists of the total number of skin lesions on bovines reported
monthly to animal health laboratories in New Zealand from January 2003 until December
2009. This data set was first analyzed by Jazi et al (2011) [33] in the context of zero-inflated
count data models. Figure (1) shows the behaviour of the time series. The time series plot
shows no discernible trend or seasonality components; therefore, a LLM seems to be a good
choice for modeling the data. The sample mean and variance of the data are, respectively,
1.4286 and 3.3563. Since the variance is more than twice as big as the mean, there is evidence
that the skin lesion time series is overdispersed.

We fitted the uniparametric models of Section 2 and the DBNBM to the skin lesions
data set. According to the dynamic models literature, values for the discount factor ¢,
typically, range from 0.8 to 1 (see West & Harrison, 1997 [20]) since, in structural models,
the information loss is expected to increase smoothly from one state to the next. Observe
that small values for § would cause the stochastic term to dominate the system equation
meaning that there is almost no flow of information between the states. For this reason we
used 0 = {0.80,0.85,0.90,0.95,0.99} in all the following analysis. Table 3, below, compares
all the fitted models in terms of in-sample and out-of-sample performance:

Values in bold indicate the model with best performance according to each of the metrics
evaluated. Looking at the table, we notice that the Poisson DGLM is superior to its unipara-
metric competitors in forecast accuracy when we consider the MSE as the main criterion of
comparison. According to the MAE criterion, however, the forecasting accuracy of the Pois-
son DGLM is very similar to that of the Bell and Poisson-Lindley dynamic models. As for
the in-sample performance, the BIC values suggest that, in this example, the Bell Dynamic
Model specified with high discount factors is superior to the other uniparametric models.
The Bayes factor also shows strong evidence in favor of the Bell and Poisson-Lindley models
against the usual Poisson DGLM for § = 0.99 and § = 0.95. Compared to the other models,
the Yule-Simon shifted and Borel shifted dynamic models have worse in sample performance
according to the BIC, but similar out-of-sample performance when we consider the MAE.
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Estimated «

Model 0 (95% CI) MSE MAE BIC BF
0.99 - 3.763  1.333 343.580 1
0.95 - 3.750  1.345 340.591 1
Poisson 0.90 - 3.715  1.346  337.693 1
0.85 - 3.697  1.341 342.266 1
0.80 - 3.822  1.359 412.868 1
0.99 - 4333 1.379 351.533 0.0187
0.95 - 4306 1.378 354.963 8.00e-04
Borel 0.90 - 4.287 1.372  368.220 2.35e-07
0.85 - 4306 1.364 413.794  2.94e-16
0.80 - 4479 1.373 620.345 8.85e-46
0.99 - 3.977  1.349 326.679  4.68e+03
0.95 - 3.969 1.354 329.002  3.29e+02
Bell 0.90 - 3.916 1.345 333.868 6.771le+00
0.85 - 3.919 1.340 359.881 1.00e-04
0.80 - 3.989  1.332 462.387 1.77e-11
0.99 - 4.054 1.353 328.018  2.39e+03
0.95 - 4.033 1.353 330.469  1.58e+02
Poisson-Lindley ~ 0.90 - 3.979  1.347  334.233  5.64e+00
0.85 - 3.961 1.335 361.075 8.24e-05
0.80 - 4.096 1.331 501.690 5.16e-20
0.99 - 4.048 1.332 334.845 78.825
0.95 - 4183 1.349 345.285 0.096
Yule-Simon 0.90 - 4.264 1.356 357.057  6.24e-05
0.85 - 4300 1.354 366.244  6.21e-06
0.80 - 4.286 1.341 373.307  3.896e+08
0.9701
0.99 (0.455, 1.694) 3.488 1.394 290 7.655e+11
Negative Binomial 0.95 (0.39(’)7?71%?6313) 3.502  1.407  290.3 4.015e+12
0.8277
0.90 (0.3066, 1.5685) 3.544 143 290.9 1.302e+11
0.7211
0.85 (0.2006, 1.4601) 3.633 1.474 2915 9.467e+11
0.80 0.5821 3.777  1.53 292.4 1.291e+4-27

(0.08824, 1.3326)

Table 3: Performance summary of the proposed models applied to the skin Lesions data.
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Table (3) also reports the results obtained using the DBNBM. Point estimates for x are
displayed along with a 95% credibility Interval. In a GLM context it is a well known fact that
the presence of a dispersion parameter adds flexibility to the Negative Binomial Regression
Model with respect to its Poisson counterpart. The same effect can be observed here: the
DBNBM has a better in-sample performance compared to the Poisson DGLM according
to the BIC and BF criteria and better out-of-sample performance according to the MSE.
Comparison with the other dynamic uniparametric models also favors the DBNBMaccording
to all criteria evaluated.

Figure 1 provides the one-step-ahead prediction for the skin lesions data set using the
DBNBM. The gray shaded area represents the 95% percentile forecast credibility interval.
For this illustration we used é = 0.95.

Number of skin lesions

Figure 1: DBNBM: One-step-ahead prediction for the skin lesions data set. Solid line: predictions from the
NBDM using § = 0.95; Gray Area: approximate 95% credibility interval.

4.2. Syphilis Data

The Syphilis Data data set consists of the weekly number of Syphilis cases reported in
Porto Rico from 2007 until 2010, totaling 209 observations. This data is available from
the ZIM package in R [34] and its primary source is the Center of Disease Control of the
United States (CDC). Figure (2) shows the time series plot. Likewise the skin lesions data
set, there is no visual evidences of trend or seasonality. The sample mean and variance are
2.632 and 9.772, respectively, indicating the presence of overdispersion. An inspection of the
histogram reveals a very high frequency of zeros suggesting that zero-inflated models, such
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as the Borel shifted or Yule-Simon shifted, could be adequate to model the data. As before,
we fitted the uniparametric dynamic models and the DBNBM to the Syphilis time series
using discount factors ranging from 0.99 to 0.80. In all cases a LLM was used. A summary
of the results obtained is displayed on Table (4). Again, values in bold emphasize the model
with the best performance in that particular criterion.

Estimated x

Model 5 (05% cr) MSE MAE  BIC BF
(o]
0.99 - 1031 2467 1235.195 1
0.95 - 1042 2499  1222.145 1
Poisson 0.90 - 10.69 2532 1214512 1
0.85 - 11.00  2.567  1208.582 1
0.80 - 1134 2.607  1204.152 1
0.99 - 1285 2455 1024.745  4.995¢+45
0.95 - 12.80 2457  1027.090  2.269e+42
Borel 0.90 - 12.83 2466 1036.586  4.328c+38
0.85 - 12.86 2476 1048.949  4.612c+34
0.80 - 12.95 2485 1071177 7.504e+28
0.99 - 10.87 2439 1016.298 3.41le+47
0.95 - 10.89 2460  1009.269  1.681e+46
Bell 0.90 - 1110 2482  1011.627  1.137c+44
0.85 - 1136 2511  1017.533  3.061e+41
0.80 - 11.64 2535 1027.079  2.824c+38
0.99 - 11.25 2.436 9383.090  4.552c+53
0.95 - 11.25 2448 984.8453  3.38c+51
Poisson-Lindley ~ 0.90 - 1138 2470  987.3465  2.13¢+49
0.85 - 11.58 2485  997.654  6.346c+45
0.80 - 11.85 2,506 1013.0343  3.168c+41
0.99 - 1202 2449 1035.641 2.151c+43
0.95 - 13.05 2472 1075841  5.883¢+31
Yule-Simon ~ 0.90 - 13.35 2490 1101.480  3.503c+24
0.85 - 1349 2498 1121.530  8.004e+18
0.80 - 13.62 2506 1144.144  1.073c+13
1.58
0.99 | 165 gogy) 1003 2574 9272 1.0450+68
o 1.603
Negative Binomial 0.95 | 22% o) 1040 2653 930.3  3.478e+64
1.63
0.90 (| 191 9165 1093 2742 932 67460461
0.85 1651 11.66  2.855 9403  2.511e+59
(1185, 2222) : ' OLe
1.661
0.80 1277 3.007 9459  1.700c+57

(1.177, 2.256)

Table 4: Performance summary of the proposed models applied to the Syphilis data.

Considering the majority of the metrics used, the Poisson DGLM is outperformed by
all other models fitted to the data. The Bayes Factor, specially, shows strong evidence in
favor of the alternative uniparametric dynamic models. By the MAE and BIC criteria, the
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Poisson-Lindley Model with § = 0.99 is the uniparametric model that best fits the Syphilis
time series. Results for the DBNBM also highlight a better overall performance over the
Poisson DGLM. From table (4), it is also noteworthy that the point estimates for s are
larger than 1.6 for all values of discount factor used, thus indicating that this specific data
set is highly overdispersed which explains the superiority of the other models. Figure 2
shows the one-step-ahead prediction along with 95% credibility intervals for the the syphilis
time series with 6 = 0.99.

Number of Syphilis cases

Figure 2: One-step-ahead prediction for the syphilis data set. Solid line: predictions from the DBNBM
using 6 = 0.99; Gray Area: approximate 95% credibility interval.

5. Discussion and Final Remarks

Time series of count data can often exhibit characteristics such as overdispersion or
inflation of zeros. In these situations, dynamic models based on the Poisson distribution
may not be appropriate because they require the mean and the variance of the data to be
equal. In this chapter we presented several alternatives to the Poisson DGLM for dealing
with single time series of counts based on distributions that can more adequately capture
these aspects in a data set. The main contributions of this work are the development of: 1)
a general method of inference for Bayesian Dynamic Models that is suited for uniparametric
distributions; 2) the introduction of a framework for a Dynamic Bayesian Negative Binomial
Model. The inference procedures of the models presented here follows a Bayesian structure
that resembles the DGLM framework, but is not restricted to distributions within the EF.
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To keep the sequential nature of the Bayesian inference, some approximations such as Linear
Bayes Estimation and Monte Carlo Integration, were used whenever the exact results were
not available.

An important aspect concerning the DBNBM is the estimation of the static shape pa-
rameter k. In the context of DGLM, it is well known that the estimation of the shape
parameter when the observation equation is biparametric usually presents complications.
Here, we present a Bayesian approach for the estimation of this parameter. In our proposal,
k is considered an unknown quantity following a Gamma prior distribution and the estima-
tion is carried out via Adaptative Rejection Metropolis Sampling. An extensive simulation
study was conducted and showed that the performance of the estimator is good for large
samples even that the results are sensitive to the prior specification. The proposed models
were also applied to two real data sets and compared to the Poisson DGLM in both in-sample
and out-of-sample performance. Results showed clear superiority of the DBNBM over the
Poisson Model in both examples. The uniparametric models, on the other hand, provided a
competitive performance in the first data set and outperformed the DGLM Poisson in the
second one.

Overall, the class of Bayesian dynamic models is very flexible since its structure allow for
trend and seasonality components and intervention analysis. Covariates can also be included
in the model by means of the F; design matrix in the observation equation. The methods
presented here are very general and can be extended, with a few modifications, to positive
asymmetric data. A procedure similar to the one described for the DBNBM could be easily
applied to the Gamma and Weibull distributions for example.
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Appendix A. Proof of results (21) and (22)
Result (21) :

Ellog(pe) | £, Dy—a] = ¥(ow) — ¥ (5B;) — log(k)
Proof. Let X be a Beta Prime random variable with parameters o4 e ;, that is:
1 Xt
(o, Br) (1 + X)oethe

Now define p; = % By the Jacobian transformation p; has the following distribution:

p(X | Oétaﬁt) = B

1 (Fop) ™
p(ﬂt|ﬁaat76t) - B(Oét,ﬁt) (1 + I{,ut)Oét"Fﬁt
R e

B B(ay, Br) (14 kpg ) the
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Therefore p; is distributed according to a generalized Beta of the second kind.

X
E[log(pt|k, oy, B;)] = E |log (;) v, By

= Ellog(X)] — Ellog(x)]

= Y(n) = P(Be) — log(k)

O
Result (22) :
VAR[log(pe) | as, B, k] = ' () +¢'(Bt)
Proof.
var[log(p) | au, Bi, k] = var[log(X &™) | ay, Bi]
= var[log(X) | ox, B4]
=¥ (aw) +9'(8)
O

Appendix B. Demonstration of expressions (26) and (27)
Result (26):

1 /oo 1 1 B(Oét‘f‘ytvﬁt‘i‘/ﬁ_l)
P | Di-1) Jo ye+KxP By + 1,671 B(ay, By)

T

x [(cw +y) — (B + k1) — log(k)] S—KT_le:Up(—sn)d/@.

L(r)

Proof. Using the posterior distribution for p, it is possible to write:

1 o) 00 (yt+ﬁ—1)71 K(xﬂryt M?t-H/t—l s" .
Ello Dy) = 7/ lo / — ——k" " exp(—sk)drd,
[ Q(Mt | t) p(yt | Dt—l) 0 Q(Mt) 0 B(yt I 17 I‘iil) B(Oét7 615) (1 ¥ /f/it)thK‘ ot B F(T) p( ) Ht

Ellog(p:) | Dy) =

Notice that it is possible to invoke Fubini’s Theoerem to invert the order of integration on
the expression above. This procedure will allow the integration over u; to be performed.
This yields:

1 ® (yp+ kT gty "k lexp(—sk) /°° peetet
E[l D,) = . l ! : dug | d
o1 20 = 655 | Bl o Bl 10 [y 0 i
_ 1 © (g R R R eap(—sk) | Blag+y, B+ RTYD » . i
Ellog(uc | D) = P(e | Di-1) /o By + 1, 67") Blay, Br) I'(r) Koo (Wlewe ) = 0B 1) = Loglw)) |

Ellog(p | Dy) = [(c + ye) — V(B + 57Y) — log(x)] w(iﬁ

1 /oo (e + )" Bloy+uy, B+ 671)
p(Ye | Dio1) Jo Blys + 1,671 B(ay, Br)

O
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Result (27):

Eflog*(u) | D) = —— /OO 1 1 Blos by Bt £7)
t t] —
p(We | Die1) Jo e+ R By +1,671) B(ay, Bt)
x (@ len+ ) = 0B+ K1) = Log())* + ¥/ (a + ) + ¥ (B + 57|
% s" r—1 ( )d
K exp(—sk)dk.
NOE
Proof. Again, using the posterior for u; and Fubini’s theorem we have that:
2 o 1 /OO 2 /OO (yo+ K1)~ oty N?H-yt_l i r—1 _
Flog wo I DA= 00D,y Jy 17 W) J B+ 1) Blaw B (15w see Ty ™ oLt
1 00 (yt_i_,i—l)—l fOt e §" _ /oo u?tﬂ/z*l
E 2 D — 2 /7 li“’ _s 2
o)1 2= 255 | Bl Loy Blan AT | o ) i 4
Ellog* (1) | Dy = e \1DH) /0>C ;?;:f;i::)B(at ;zzf;; ") [(ls‘b(m+yt) — (B + r71) = log(r))? + ¢ (s + ui) + Lsi"(x3g+ﬁ’l)} fz;>nr"ff:r1J(—sn)(lm

]
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SUPERINTENDENCIA-REGIONAL SUDESTE | EM SAO PAULO
GERENCIA EXECUTIVA - B - ARARAQUARA
SECAO OPERACIONAL DA GESTAO DE PESSOAS

PORTARIA N¢ 56, DE 3 DE JULHO DE 2019

A Chefe da Segdo Operacional da Gestdo de Pessoas, da Geréncia Executiva do
INSS em Araraquara/SP, no uso das atribuigbes conferidas no inciso |, do artigo 235 do
Regimento Interno aprovado, pela Portaria MDS n2 414 de 28/09/2017, publicada no DOU
n2 188-A, de 29/09/2017, conforme Processo 37298.000131/2019-27,resolve:

Conceder Aposentadoria Voluntaria Integral, ao servidor VALDINO RAMOS -
SIAPE 0568475, ocupante do cargo de Administrador, Classe S, Padrdo IV, do quadro de
pessoal do Instituto Nacional do Seguro Social, com fundamento no artigo 32 da Emenda
Constitucional 47/2005, com os proventos integrais, acrescidos das demais vantagens a que
faz jus, com opgdo pela incorporagao da Gratificagdo de Desempenho aos proventos de
aposentadoria nos termos dos artigos 88 a 92 da Lei 13324/2016.Declarar vago, o referido
cargo.

MARA SILVIA SOUZA MIRANDA

SUPERINTENDENCIA REGIONAL SUL EM FLORIANOPOLIS
GERENCIA EXECUTIVA - B - CRICIUMA
SECAO OPERACIONAL DA GESTAO DE PESSOAS

PORTARIA N¢ 50, DE 18 DE JULHO DE 2019

A CHEFE SUBSTITUTA DA SECAO OPERACIONAL DA GESTAO DE PESSOAS DA
GERENCIA EXECUTIVA DO INSS EM CRICIUMA/SC, designada pela PT N2 57/GEXCRI/INSS/SC,
de 26/12/2018, publicada no BSL n? 51, de 26/12/2018, e no uso das atribuicdes que lhe
confere o artigo 235, do Regimento Interno desta autarquia, aprovado pela Portaria
PT/MDS n® 414, de 28 de setembro de 2017, publicada no Didrio Oficial da Unido n2 188-
A, de 29 de setembro de 2017, resolve:

Conceder aposentadoria voluntdria integral a servidora LIZANDRA HULSE DE
FARIAS matricula SIAPE n2 929362, ocupante do cargo de Tecnico do Seguro Social, cédigo
434550, nivel "NI", classe "S", padrdo "IV", do quadro de pessoal do INSS, com fundamento
no art. 32 da Emenda Constitucional n2 47, de 5 de julho de 2005, observado o contido no
processo n? 35344.000133/2019-98, declarando, em consequéncia, o referido cargo
vago.

MARILDA RIBEIRO DOS SANTOS

SUPERINTENDENCIA DE SEGUROS PRIVADOS
SECRETARIA-GERAL

PORTARIA N¢ 7.412, DE 17 DE JULHO DE 2019

A SUPERINTENDENTE DA SUPERINTENDENCIA DE SEGUROS PRIVADOS - SUSEP,
no uso das atribuicdes que lhe confere o inciso VI do art. 30 da Portaria Susep n? 7.371,
de 29 de maio de 2019, e conforme o inciso | do art. 92 da Portaria GME n2 10, de 17 de
janeiro de 2019, resolve:

Art. 12 Nomear a servidora THERESA CHRISTINA CUNHA MARTINS, CPF
363.428.587-72, para exercer a fungdo de Chefe da Secretaria do CRSNSP - SESEC, cddigo
DAS 101.1, na estrutura do Gabinete - GABIN.

Art. 22 Esta Portaria entra em vigor na data de sua publicagdo.

SOLANGE PAIVA VIEIRA
SUPERINTENDENCIA DA ZONA FRANCA DE MANAUS
PORTARIA N° 563, DE 16 DE JULHO DE 2019

O SUPERINTENDENTE DA SUPERINTENDENCIA DA ZONA FRANCA DE MANAUS,
no uso da competéncia que lhe foi subdelegada pela Portaria n? 10, de 17 de janeiro de
2019, e considerando o disposto no Decreto n2 7.139, de 29 de margo de 2010, com suas
alteragbes, na Portaria n2 83-SEl, de 12 de janeiro de 2018 e na Lei n2 8.112, de 11 de
dezembro de 1990, e os termos constantes do Processo SEI n? 52710.006121/2019-71,
resolve:

Art. 12 Designar DANIEL LIMA DA SILVA FILHO, Matricula SIAPE n? 1632977,
para exercer a Fun¢do Comissionada do Poder Executivo Federal de Coordenador-Geral de
Execu¢do Orgamentdria e Financeira, cddigo FCPE 101.4, da Superintendéncia Adjunta
Executiva, da Superintendéncia da Zona Franca de Manaus, ficando, por consequéncia,
dispensado do encargo de Coordenador Geral substituto que atualmente exerce.

Art. 22 Dispensar CARLITO DE HOLANDA SOBRINHO, Matricula SIAPE n?
1082665, da Fungdo Comissionada do Poder Executivo Federal de Coordenador-Geral de
Execugdo Orgamentaria e Financeira, cédigo FCPE 101.4, da Superintendéncia Adjunta
Executiva, da Superintendéncia da Zona Franca de Manaus.

Art. 32 Designar CARLITO DE HOLANDA SOBRINHO, Matricula SIAPE n2 1082665,
para exercer o encargo de Coordenador-Geral, substituto, da Coordenagdo-Geral de
Execugdo Orgamentaria e Financeira, cddigo FCPE 101.4, da Superintendéncia Adjunta
Executiva, da Superintendéncia da Zona Franca de Manaus, nos afastamentos e
impedimentos legais e regulamentares do titular do cargo.

Art. 42 Esta Portaria entra em vigor na data de sua publicagdo.

ALFREDO ALEXANDRE DE MENEZES JUNIOR
PORTARIA N° 569, DE 18 DE JULHO DE 2019

O SUPERINTENDENTE DA SUPERINTENDENCIA DA ZONA FRANCA DE
MANAUS, no uso da competéncia que lhe foi subdelegada pelo Art. 92, da Portaria
GM/ME n? 10, de 17 de janeiro de 2019, e considerando o disposto no Decreto n?
7.139, de 29 de margo de 2010, com suas alteragBes, na Portaria n2 83-SEl, de 12 de
janeiro de 2018 e na Lei n? 8.112, de 11 de dezembro de 1990, no Decreto 9.727 e
Decreto 9.732, de marco de 2019, e os termos do Processo n? 52710.006377/2019-88,
resolve:

Art. 12 Exonerar, a pedido, EMMANUEL RIBEIRO SALES DE AGUIAR,
Matricula SIAPE n2 677898, do Cargo em Comissdo de Coordenador-Geral de
Planejamento e Programagdo Orgamentdria, cédigo DAS 101.4, da Superintendéncia
Adjunta de Planejamento e Desenvolvimento Regional.

Art. 2 NOMEAR FABIO LEANDRO CALDERARO, CPF n? 212.549.178-88, para
exercer o Cargo em Comissdao de Coordenador-Geral de Planejamento e Programacdo
Orgamentaria, coédigo DAS 101.4, da Superintendéncia Adjunta de Planejamento e
Desenvolvimento Regional, da Superintendéncia da Zona Franca de Manaus.

Art. 32 Esta Portaria entra em vigor na data de sua publicagdo.

ALFREDO ALEXANDRE DE MENEZES JUNIOR

Este documento pode ser verificado no enderego eletrénico
http://www.in.gov.br/autenticidade.html, pelo cédigo 05292019071900021
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BANCO NACIONAL DE DESENVOLVIMENTO ECONOMICO E SOCIAL
DESPACHO DE 15 DE JULHO DE 2019

Afastamento do Pais autorizado pelo Diretor Roberto Carlos Marucco Junior em
15/07/2019, de acordo com a subdelegagdo de competéncia prevista na Portaria PRESI n2
110/2017-BNDES, de 04/04/2017, do Presidente do BNDES: FELIPE BUCHBINDER,
engenheiro, para realizar mestrado na Duke University, em Durham/EUA, no periodo de
29/07/2019 a 05/08/2021, inclusive transito, com énus (Processo de Viagem ao Exterior n2
63714).

ROBERTO CARLOS MARUCCO JUNIOR
Diretor

FUNDAGAO ESCOLA NACIONAL DE ADMINISTRAGAO PUBLICA
DIRETORIA DE GESTAO INTERNA
COORDENAGCAO DE RECURSOS HUMANOS

PORTARIA N¢ 436, DE 18 DE JULHO DE 2019

O PRESIDENTE DA FUNDAGAO ESCOLA NACIONAL DE ADMINISTRACAO PUBLICA
- ENAP, no uso das atribuicdes que confere o Estatuto aprovado pelo Decreto n°® 9.680, de
2 de janeiro de 2019, considerando o Regulamento do Programa Catedras Brasil, instituido
pela Resolugdo n°® 26, de 06 de agosto de 2018, e o disposto no Edital n° 50, de 11 de
junho de 2019, resolve:

Art. 1° Instituir a Comissdo Julgadora tendo em vista a sele¢do de candidatos
para concessdo de bolsas de pesquisa e de inovagdo do Edital n° 50/2019, composta pelos
seguintes membros titulares e suplentes:

| - Claudio Djissey Shikida (Presidente)

Il - André Carraro

IIl - Antbnio Claret Campos Filho

IV - Aumara Bastos Feu Alvim de Souza

V - Bernardo Lanza Queiroz

VI - Ciro Campos Christo Fernandes

VIl - Daienne Amaral Machado

VIII - Eduardo Pontual Ribeiro

IX - Erik Alencar de Figueiredo

X - Everson Lopes de Aguiar

Xl - Frank Magalhdes de Pinho

XIl - Igor Vinicius de Souza Geracy

Xl - Jodo Paulo de Resende

XIV - Leonardo Carvalho de Mello

XV - Luanna Sant'Anna Roncaratti

XVI - Luciano Benetti Timm

XVII - Marize Schons

XVIIlI - Mauricio Mota Saboya Pinheiro

XIX - Natdlia Massaco Koga

XX - Nelson Leitdo Paes

XXI - Pedro Henrique Costa Gomes de Sant'Anna

XXIl - Regina Luna de Santos Souza

XXIII - Ricardo de Lins e Horta

XXIV - Roberta da Silva Vieira

XXV - Rodrigo Leandro de Moura

XXVI - Thais Gargantini Cardarelli

XXVII - Thomas Victor Conti

XXVIII - Victor Schimidt Comitti

XXIX - Wanderson Maia Nascimento

XXX - Wilsimara Maciel Rocha

Art. 2° A Comissdo Julgadora terd as seguintes atribui¢des:

| - Avaliar os projetos de pesquisa e inova¢do submetidos para o Edital n2
50/2019, conforme os critérios de julgamento constantes no Anexo Il do Edital;

Il - Realizar, quando cabivel, entrevistas com os candidatos aprovados na
primeira fase do processo de sele¢do (analise dos projetos de pesquisa) do Edital n2
50/2019;

Il - Avaliar as entrevistas realizadas com os candidatos do Edital n2 50/2019,
conforme os critérios de julgamento constantes no Anexo Il do Edital e;

IV - Manifestar-se, oportunamente, em face da interposicdo de recursos
relativos ao Edital n® 50/2019, conforme os itens 8.3 do Edital e 10.3 do Regulamento
(Anexo | do Edital).

Art. 3° Esta Portaria entra em vigor na data de sua publicagdo.

DIOGO G. R. COSTA

FUNDACAO JORGE DUPRAT FIGUEIREDO, DE SEGURANCA
E MEDICINA DO TRABALHO

PORTARIA N¢ 265, DE 18 DE JULHO DE 2019

O PRESIDENTE DA FUNDACAO JORGE DUPRAT FIGUEIREDO, DE SEGURANCA E
MEDICINA DO TRABALHO DO MINISTERIO DA ECONOMIA, no uso de suas atribuigdes e
considerando a subdelegacdo de competéncia de que trata o inciso VIl do art. 92 da
Portaria GM/MECON n2 10, de 17 de janeiro de 2019, publicada no Diario Oficial da Unido
de 18 de janeiro de 2019, alterada pela Portaria GM/MECON n2 18, de 28 de janeiro de
2019, publicada no Diario Oficial da Unido de 29 de janeiro de 2019, resolve:

Designar ALLAN DAVID SOARES, CPF n2 ***262.338-** matricula n2 2999242,
para exercer o encargo de substituto eventual da Diretora-Executiva, codigo DAS 101.5,
desta Fundagdo Jorge Duprat Figueiredo de Seguranga e Medicina do Trabalho -
FUNDACENTRO, nos seus afastamentos ou impedimentos regulamentares, sem prejuizo das
respectivas atribuigdes.

FELIPE MEMOLO PORTELA

Ministério da Educagao

GABINETE DO MINISTRO
PORTARIA N¢ 1.374, DE 18 DE JULHO DE 2019

O MINISTRO DE ESTADO DA EDUCACAO, no uso da atribuicdo que lhe
confere o art. 87, paragrafo unico, inciso IV, da Constituicdo, e em observancia ao
disposto na Lei n? 8.112, de 11 de dezembro de 1990, no Decreto n? 8.956, de 12 de
janeiro de 2017, no Decreto n2 9.665, de 02 de janeiro de 2019 bem como no inciso
Il, art. 62 do Decreto no 9.794, de 14 de maio de 2019, resolve:

EXONERAR RENATO AUGUSTO DOS SANTOS, CPF n? 169.549.198-02, do cargo
de Coordenador-Geral, codigo DAS-101.4, da Coordenagdo-Geral de Controle de Qualidade
da Educagdo Superior, da Diretoria de Avaliacdo da Educagdo Superior, do Instituto Nacional
de Estudos e Pesquisas Educacionais Anisio Teixeira, a contar de 10 de julho de 2019.

ABRAHAM WEINTRAUB

Documento assinado digitalmente conforme MP n2 2.200-2 de 24/08/2001, ICP
que institui a Infraestrutura de Chaves Publicas Brasileira - ICP-Brasil. Brasil

*
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Orgao: Ministério da Economia/Fundagao Escola Nacional de Administragdo Publica/Diretoria de Gestao Interna/Coordenagao
de Recursos Humanos

PORTARIA N° 436, DE 18 DE JULHO DE 2019

O PRESIDENTE DA FUNDAGCAO ESCOLA NACIONAL DE ADMINISTRAGCAO PUBLICA - ENAP, no
uso das atribuicoes que confere o Estatuto aprovado pelo Decreto n° 9.680, de 2 de janeiro de 2019,
considerando o Regulamento do Programa Catedras Brasil, instituido pela Resolugcao n* 26, de 06 de
agosto de 2018, e o disposto no Edital n* 50, de 11 de junho de 2019, resolve:

Art. 1" Instituir a Comissao Julgadora tendo em vista a selecao de candidatos para concessao de
bolsas de pesquisa e de inovagao do Edital n” 50/2019, composta pelos seguintes membros titulares e
suplentes:

| - Claudio Djissey Shikida (Presidente)
Il - Andre Carraro

[ll - Antonio Claret Campos Filho

IV - Aumara Bastos Feu Alvim de Souza
V - Bernardo Lanza Queiroz

VI - Ciro Campos Christo Fernandes
VIl - Daienne Amaral Machado

VIl - Eduardo Pontual Ribeiro

IX - Erik Alencar de Figueiredo

X - Everson Lopes de Aguiar

XI - Frank Magalhaes de Pinho

XII - Igor Vinicius de Souza Geracy

Xl - Joao Paulo de Resende

XIV - Leonardo Carvalho de Mello

XV - Luanna Sant'/Anna Roncaratti

XVI - Luciano Benetti Timm

XVII - Marize Schons

XVIII - Mauricio Mota Saboya Pinheiro
XIX - Natalia Massaco Koga

XX - Nelson Leitao Paes

XXI - Pedro Henrique Costa Gomes de Sant'Anna
XXII - Regina Luna de Santos Souza
XXIII - Ricardo de Lins e Horta

XXIV - Roberta da Silva Vieira

XXV - Rodrigo Leandro de Moura
XXVI - Thais Gargantini Cardarelli
XXVII - Thomas Victor Conti



XXVIII - Victor Schimidt Comitti

XXIX - Wanderson Maia Nascimento

XXX - Wilsimara Maciel Rocha

Art. 2° A Comissao Julgadora tera as seguintes atribuicoes:

| - Avaliar os projetos de pesquisa e inovagao submetidos para o Edital n® 50/2019, conforme os
critérios de julgamento constantes no Anexo Il do Edital;

Il - Realizar, quando cabivel, entrevistas com os candidatos aprovados na primeira fase do
processo de selecao (analise dos projetos de pesquisa) do Edital n® 50/2019;

Il - Avaliar as entrevistas realizadas com os candidatos do Edital n°® 50/2019, conforme os
critérios de julgamento constantes no Anexo Il do Edital e;

IV - Manifestar-se, oportunamente, em face da interposicao de recursos relativos ao Edital n°
50/2019, conforme os itens 8.3 do Edital e 10.3 do Regulamento (Anexo | do Edital).

Art. 3° Esta Portaria entra em vigor na data de sua publicagao.

DIOGO G. R. COSTA

Este conteudo nao substitui o publicado na versao certificada.



18th ESTE - Time Series and Econometrics
Meeting, Gramado (RS), Brazil September

2019 3-6, 2019

||J I ABE

Associacao Brasileira de Estatistica ‘

Certificado de Apresentacao de Trabalho

Certificamos que o trabalho " Bayesian Dynamic Models for Count Data with Overdispersion and
Inflation of Zeros" de autoria de Victor Schmidt Comitti , Thiago Rezende dos Santos , Fabio
Nogueira Demarqui , aprovado na categoria Comunicacao Pdster foi apresentado no evento 18th
ESTE - Time Series and Econometrics Meeting, Gramado (RS), Brazil September 3-6, 2019 ,
realizado em Serra Azul Hotel, Gramado (RS), Brazil, entre os dias 03/09/2019 e 06/09/2019.

Atenciosamente,

Comissao Organizadora

Este é um documento autenticado eletronicamente.

Para verificar sua autenticidade, acesse:
http://redeabe.org.br/este2019/pagamentos/verificar_comprovante
e insira o cédigo abaixo:
b4e756a5b73b2adcaf20936124bdc6d90dfech77

‘".H I ABE

I

Associacao Brasileira de Estatistica

CNPJ: 56572456/0001-80
Caixa Postal 66281
05315-970 Sao Paulo/SP.



Associacao Brasileira de Estatistica ’H _
18th ESTE - Time Series and Econometrics H ” I ABE
Meeting, Gramado (RS), Brazil September “| |||

2019 3-6, 2019

Certificado de participacao

Certificamos que Victor Schmidt Comitti participou do 18th ESTE - Time Series and Econometrics
Meeting, Gramado (RS), Brazil September 3-6, 2019 realizado em Serra Azul Hotel, Gramado (RS),
Brazil no periodo de 03/09/2019 a 06/09/2019

Cursos:

e Statistical Learning
e Importacdo on-line de séries temporais econémicas e financeiras usando R

Sao Paulo, 13 de Setembro de 2019
Comissao Organizadora

Este é um documento autenticado eletronicamente.

Para verificar sua autenticidade, acesse:
http://redeabe.org.br/este2019/pagamentos/verificar_comprovante
e insira o cédigo abaixo:
9¢e064143b3f09021a5244fed4cd47884544c0ecO

‘".H I ABE

I

Associacao Brasileira de Estatistica

CNPJ: 56572456/0001-80
Caixa Postal 66281
05315-970 Sao Paulo/SP.



omm MINISTERIO DA EDUCACAO

1] SECRETARIA DE EDUCACAO PROFISSIONAL E TECNOLOGICA

om INSTITUTO FEDERAL INSTITUTO FEDERAL DE EDUCACAO, CIENCIA E TECNOLOGIA DO SUDESTE DE MINAS GERAIS
CAMPUS AVANCADO BOM SUCESSO

DECLARACAO

Declaro para os devidos fins que Victor Schimitti Comitti participou da
organizacdo do IFPLAYERS 2019 no segundo semestre de 2019.

Bom Sucesso, 18 de margo de 2020

ASSINADO E/OU AUTENTICADO PELO PROFESSOR GRAZIANY THIAGO FONSECA
SIAPE 19669046

Coordenador do curso de Analise e Desenvolvimento de Sistemas
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INSTITUTO FED.DO SUDESTE DE MINAS GERAIS

Rei-gabinete Da Reitoria

PORTARIA n° 230, de 13 de fevereiro de 2019

O Reitor do Instituto Federal de Educagao, Ciéncia e Tecnologia do Sudeste de Minas Gerais, no uso de suas
atribuicbes legais, conferidas pelo Decreto Presidencial de 12-04-2017, publicado no Diario Oficial da Unido, Edicdo
n°® 72, de 13-04-2017, Segdo 2, pagina 01, e, ainda, considerando o Memorando Eletrénico n® 5/2019 -
BSCCAMPUS, de 12-02-2019, Identificador 201933887, resolve:

Art. 1°- DESIGNAR os servidores abaixo relacionados para comporem a Subcomissdao Permanente de Pessoal
Docente (SPPD) do IF Sudeste MG - Campus Avangado Bom Sucesso, conforme a seguir:

Nome Siape Representatividade
Robson José da Silva 2047063 Presidente
Telma Suely da Silva Morais 3078817 Membro Titular
Victor Schmidt Comitti 3082930 Membro Titular
Danielle Pereira Baliza 1953999 Membro Suplente
Wilker Rodrigues de Almeida 1847521 Membro Suplente
José Alves Junqueira Junior 1550608 Membro Suplente

Art. 2°- REVOGAR a Portarias-R n°s 597/2016, de 01-07-2016, e 948/2017, de 04-08-2017.

CHARLES OKAMA DE SOUZA

A autenticidade deste documento podera ser verificada acessando o link:
https://boletim.sigepe.planejamento.gov.br/sigepe-bgp-web-internet
/detalhe.jsf?chaveAto=000000000000000119222019
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